Introduction
Many policy makers want to encourage entrepreneurship in their local economies given its central role in economic growth and development. Entrepreneurship helps allocate resources efficiently, strengthens competition among firms, supports innovation and new product designs, and promotes trade growth through product variety. Perhaps most important for policy makers, high rates of local entrepreneurship are linked to stronger subsequent job growth for regions. Ghani et al. (2011) show this pattern for the manufacturing sector in India since 1990: Even after controlling for overall state and industry dynamics, places in India that had higher rates of entry at the start of the 1990s experienced stronger local job growth in the formal sector over the next two decades. Similar results are evident in the United States (e.g., Fritsch (2008) reviews localized growth impacts across several countries and time periods.
This importance of entrepreneurship leads to a natural, policy-relevant question: Which regional traits encourage local entrepreneurship in South Asia? Multiple studies have considered this question in advanced economies, especially for the manufacturing sector, but there is very little empirical evidence for developing countries like India. This lack of research hampers the effectiveness of policy efforts to promote job growth through entrepreneurship. The roles that education or infrastructure, for example, have for entry in an advanced economy like the United States may be quite different from a setting like India where illiteracy and lack of roads and sanitation continue to hamper development. Likewise, we have extensive evidence on the importance of agglomeration economies in advanced countries, but the relevance of these patterns in developing economies has not been consistently established. Audretsch et al. (2012) emphasize the very localized nature of entrepreneurship determinants.
We investigate these questions for manufacturing and services in India at the district level. Within these two industry groups, we also compare the formal and informal sectors. We quantify the factors and traits of districts and industries that systematically predict stronger entry levels in recent years. Much of the work on spatial determinants of entrepreneurship for advanced economies focuses on manufacturing, and so it is natural to begin there and compare the patterns for India with those in the United States. Our goal is to determine the general degree to which the economic geography of India can be explained with a parsimonious set of specifications, and to compare the specific factors identified to be important in the two contexts. This work most closely relates to Glaeser and Kerr (2009) , Mukim (2011), and Jofre-Monseny et al. (2011) .
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Our second sector is services. Ghani (2010) describes the unique role of the services sector in India's development, in part allowing India to overcome its underdevelopment in manufacturing. Given the importance of services to current South Asian growth, we quantify it in an estimating framework similar to that of manufacturing. This helps us identify where similarities and differences exist across the two industry groups. With the exception of Mukim (2011) discussed below, we are not aware of prior work on services entry similar to what we undertake.
Several important themes emerge from our study:
1. India's economic geography is still taking shape -We use an apparatus for our estimations that is similar to that used by Glaeser and Kerr (2009) . For the United States, existing city population levels, city-industry employment, and industry fixed effects can explain 80% of the spatial variation in entry rates. The comparable explanatory power for India is 29% for manufacturing and 33% for services. While this lower explanatory power could be due in part to dataset features (e.g., differences in regional or industry disaggregation) and/or subtle, necessary shifts in the empirical estimations, it is clear that a large portion of this gap is due to India being at a much earlier stage of development, both generally and for these particular sectors. The industrial landscape is also adjusting after the deregulations of the 1980s and 1990s (e.g., Fernandes and Sharma 2011) . At such an early point and with industrial structures not entrenched, local policies and traits can have profound and lasting impacts by shaping where industries plant their roots.
2. Agglomeration economies are very important for India's entry patterns -In a similar manner, we find extensive evidence that the incumbent compositions of local industries influence new entry rates at the district-industry level within manufacturing. This influence is through both traditional Marshallian economies like a suitable labor force and proximity to customers (e.g., Duranton and Overman 2005 , Duranton and Puga 2004 , Rosenthal and Strange 2004 and through the Chinitz (1961) effect that emphasizes small suppliers. These factors are especially pronounced in conditional estimations that control for both district and industry fixed effects, with magnitudes similar to or greater than advanced economies.
3. Education and physical infrastructure matter greatly -The two most consistent factors that predict overall entrepreneurship for a district are education and the quality of local physical infrastructure. These patterns are true for manufacturing and services, and the relationship is stronger than that found for the United States. Higher education in a local area increases the supply of entrepreneurs and increases the talent available to entrepreneurs for staffing their companies. Investment in people is an easy call for policy makers. Likewise, local areas must provide adequate electricity, roads, telecom, and water/sanitation facilities. Entrepreneurs are especially dependent upon these public goods.
Beyond these three key findings, we identify other district-level traits that influence entrepreneurship and/or confirm prior work. For example, several studies (e.g., Besley and Burgess 2004, Aghion et al. 2008 ) link strict labor regulations in India to slower economic growth and development, and van Stel et al. (2007) find this link across a broader set of countries. We find this pattern too, especially for the organized manufacturing sector where these laws are most binding.
Our study thus makes several contributions to the literature. Most importantly, we are among the first studies to quantify the spatial determinants of entrepreneurship in India. Moreover, we move beyond manufacturing to consider services, which are very important for India's economic growth, and we compare the formal and informal sectors within each industry group. More broadly, we and Mukim (2011) are the first studies to apply the incumbent industrial structures frameworks of Glaeser and Kerr (2009) and Jofre-Monseny et al. (2011) to a developing economy, thereby providing insights into how agglomeration economies resemble and differ from each other. We also consider changes in industrial conditions from 1989, before India's large-scale deregulation began, to 2005 in order to provide greater empirical traction than in prior cross-sectional work on agglomeration economies. More research on agglomeration economies and entrepreneurship in developing countries is important for urban and development economics going forward.
In contemporaneous and independent work, Mukim (2011) also examines spatial entry patterns for India's informal sector. Encouraging, despite some differences in specifications choices and empirical approach, the two studies both point to special roles for input-output linkages across firms and infrastructure investments. Our work primarily differs from Mukim (2011) in its more direct comparisons of the formal and informal sectors, its more explicit focus on within-district variations across industries (i.e., the conditional estimations), and its use of long-term changes from 1989 for better traction in the formal sector. As discussed further below, we use the latter two empirical techniques, as well as the separation of young and older businesses, to address omitted variable biases and reverse causality. Mukim (2011) considers agglomeration economies within services at a deeper level and uses historical land revenue institutions to instrument for current industrialization.
Identifying these attributes and acting upon them is essential to foster economic growth. Figure 1 shows that entrepreneurship rates are lower in South Asia than what its stage of development would suggest. Given that entrepreneurship leads to job growth for India in the formal sector ), entrepreneurship will play a fundamental role in urban economics for South Asia in the decades ahead. Fernandes and Pakes (2010) observe that India's manufacturing sector is underdeveloped relative to economies of similar size, and stronger entrepreneurship will help close these gaps. Proper local conditions will also help move people out of subsistence entrepreneurship and into entrepreneurship in the formal sector. Khanna 5 (2008) emphasizes entrepreneurship for India's future, and reallocation can help close India's productivity gap (e.g., Hsieh and Klenow 2009 ).
While focusing on entrepreneurship, we recognize that large firms also play an important role in regional development. Audretsch and Fritsch (2002) , for example, discuss the different paths to Germany's development. The giant firms of South Asia are becoming globally powerful and growing in efficiency, and they too will shape employment opportunities in the decades ahead. However, the history of regional development shows that big firms are not sufficient forever. An entrepreneurial foundation that provides for local growth and regeneration is essential for long-term success and prosperity. This is evident in the current struggles of Detroit, Michigan, and its car manufacturers. Jacobs (1970) highlights how Manchester, England, and its giant textile mills in the 1800s were a model of short-term efficiency and power but also were ultimately insufficient for long-term regional growth. Likewise, the very dynamic times ahead for South Asia require that entrepreneurship be embraced and supported at the regional level.
The plan of this paper is as follows. The next section discusses our entrepreneurship data and spatial differences in entry across India. Section 3 reviews the determinants of spatial locations for firms and our metrics. Sections 4 and 5 provide our empirical results for unconditional and conditional estimations, respectively, and the last section concludes.
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Spatial Entrepreneurship Rates in India
This section discusses our two primary datasets and describes the spatial variation on entrepreneurship in India. We first define how we will measure entrepreneurship.
Definitions of Entrepreneurship
Defining entrepreneurship is hard and controversial, even in advanced countries.
3 One approach, dating back to Cantillion (1730) , is to describe entrepreneurship as the number of people leading independent businesses. Evans and Jovanovic (1989) , Blanchflower and Oswald (1998) , and many others have accordingly used self-employment rates as their metric of 2 For brevity, we do not provide an extensive background on the entrepreneurship literature, instead highlighting relevant studies throughout the paper. Ghani et al. (2011) provide a short introduction, and Parker (2009) provides a complete review. Storey (1994) and Storey and Greene (2010) overview small businesses and their connections to entrepreneurship specifically. Deichmann et al. (2008) survey prior work on firm locations in developing economies. Sections 2 and 3 draw on Ghani et al. (2011) and Glaeser and Kerr (2009) for describing our entrepreneurship data and metrics, respectively. 6 entrepreneurship. This choice is often made by default given that self-employment questions have typically been included in censuses of families or households. Thus, data on selfemployment rates became available much earlier than any other potential measure.
Recent studies note, however, the challenges that come with using self-employment metrics to describe the entrepreneurship necessary for economic growth and job creation. Due to the much larger raw count of self-employed workers, self-employment indices accord much more weight to small-scale, independent businesses and hobby entrepreneurship than entrepreneurship that can lead to substantial job creation for others. The vast majority of selfemployment businesses as captured on labor and census surveys will not generate employment opportunities for other workers, and they may even be the product of a lack of employment opportunities for the business owner (e.g., Astebro et al. 2010 , Schoar 2009 ). This latter factor is particularly acute in South Asia given its earlier development and large, persistent informal sector.
These criticisms are evident in some simple examples. Silicon Valley is the poster child of US regional entrepreneurship and the world's largest venture capital market. Yet San Jose, CA, ranks near last among America's 300+ metropolitan areas in terms of self-employment, with West Palm Beach, FL, instead having the highest self-employment rate. This questionable pattern is also evident in country rankings. Southern European countries like Portugal and Greece rank much higher than Scandinavian countries in terms of self-employment within Europe, but much lower in terms of most growth-entrepreneurship indicators like venture capital markets (e.g., Bozkaya and Kerr 2011) . Klapper et al. (2010) document the negative correlation between self-employment levels and economic development across a broad cross-section of countries, and Ghani et al. (2011) show that self-employment metrics for India perform poorly for describing job growth compared to better-specified alternatives.
Hence, most recent studies of entrepreneurship and growth instead focus exclusively on formal firms that employ paid workers. These thresholds-being incorporated, paying payroll taxes-are in some sense arbitrary, but they are natural given our fundamental interest in describing entry that leads to regional job creation and growth. Their relevance is even greater for South Asia given the need to pull members of the informal economy into the formal sector. Here too, however, there are substantial disagreements as to what should be measured. A vast, earlier literature develops estimates of the number or share of small businesses in a region. A similar metric is average firm size (e.g., Glaeser 2007).
These measures of small businesses overcome some of the problems of earlier selfemployment measures, but they still weight very heavily small businesses that are not attempting to grow substantially (e.g., a small family-run business that has employed the same number of workers for many years). In other words, they do not capture the important dynamic aspects of entrepreneurship for economic growth. These metrics may also be additionally skewed in the Indian context given the well-known problem of the ‗missing middle' in the firm-size distribution, which is often associated with rigid employment laws. A large count of small firms may not represent an entrepreneurial cluster very well in an environment where labor laws are particularly binding for firm size (e.g., Besley and Burgess 2004) .
Understandably, many researchers are instead drawn to metrics that are more tightly connected to the dynamic nature of entrepreneurship. The more recent micro-data have both enabled these measurements and stressed their better performance relative to small business counts (e.g., Haltiwanger et al. 2010) . One approach focuses on start-ups within a single industry so that finer characterizations and case studies can be made (e.g., Saxenian 1994 , Feldman 2003 . Others look at new product introductions (e.g., Audretsch and Feldman 1996) , venture capital placement (e.g., Samila and Sorenson 2011) , or the founding of new firms (e.g., Nanda 2009, Rosenthal and . These dynamic measures of entrepreneurship are less available than self-employment rates or small business statistics, but are more tightly connected to entrepreneurship that can generate job growth.
We follow this emerging strand and principally define entrepreneurship as the presence of young establishments. Haltiwanger et al. (2010) emphasize how young firms are more tightly associated with employment growth than small firms (conditioning on age) in the US. While we would also like to employ measures of entering establishments in their first year (e.g., Glaeser and Kerr 2009) , the young establishment definition-less than three years old-is the most refined measure feasible for India at this time. Incumbent establishments, which are used to model existing activity in the district-industry and Marshallian spillovers, are defined as firms that are three years old or more. We principally define entry measures through employment in these new establishments. We also test robustness using an entry share measure based upon establishment counts.
Most of the Indian surveys described next unfortunately do not record whether new establishments belong to larger, multi-plant firms or whether they are independent enterprises. While it would be advantageous to study single-unit starts separately from multi-unit expansions, we are unable to do so consistently. Encouragingly, we are able to separate establishment types for organized manufacturing, and we find very similar results to those presented below when modeling the single-unit start-up entry rate separate from multi-unit expansions, but we are unable to ascertain this stability across all of the sectors we study. The Indian context is one in which a major limitation for development is the growth and replication of successful initial businesses. Thus, from this perspective, many policy makers are as concerned about encouraging entry of new expansion establishments as they are initial start-ups.
Thus our study of entrepreneurship falls between two more common types of studies, thereby hitting on a key element of South Asia's future. On one hand, we purposely steer clear of self-employment measures. Even for the United States, self-employment is a second-best link for measuring entrepreneurship for job creation. These methodological challenges for low return or subsistence efforts are compounded in South Asia where the informal sector employs 90% of workers (e.g., Schoar 2009, Ardagna and Lusardi 2008) . To realize long-term employment growth, it is necessary to distinguish transformative entrepreneurship from subsistence entrepreneurship, and Ghani et al. (2011) show the strong job growth linkage to entry into the formal sector. We thus focus our efforts on describing the spatial distribution of these entrepreneurs. This also accords with the emphasis of van Stel et al. (2007) to measure determinants separately across different types of entrepreneurs.
On the other hand, we also do not study the development of very high-growth entrepreneurship or venture capital markets in South Asia (except to the extent that they are part of our official statistics). This is not because these entrepreneurs are not important for South Asia; quite the opposite. Many recent studies focus on software's emergence, returnee entrepreneurs, diaspora, and similar exciting developments (e.g., Arora and Gambardella 2005 , Kerr 2008 , Nanda and Khanna 2010 , Agrawal et al. 2011 ). Yet these specialized sectors are still an extremely small part of the Indian economy, and we focus more on identifying measures of entrepreneurship like young businesses that apply to the entire manufacturing and services sectors. 4 
Indian Entrepreneurship Data in Manufacturing and Services
We employ cross-sectional establishment-level surveys of manufacturing and service enterprises carried out by the Government of India. Our primary manufacturing data are taken from surveys conducted in fiscal years 2005-06; the services sector data come from 2001-02. Even though these surveys were undertaken over two fiscal years, for simplicity we refer below to the initial year only. This section describes some key features of these data for our study, and our unpublished data appendix (available upon request) provides greater details. Appendix Table  1 provides a complete list of data sources and years employed. Nataraj (2009 ), Kathuria et al. (2010 , Hasan and Jandoc (2010) , Dehejia and Panagariya (2010) , and Fernandes and Pakes (2010) provide detailed overviews of similarly constructed databases.
It is important to first define and characterize the distinction between the organized and unorganized sectors in the Indian economy, which our estimations consider separately. These distinctions in the Indian context relate to establishment size. In manufacturing, the organized sector is comprised of establishments with more than ten workers if the establishment uses electricity. If the establishment does not use electricity, the threshold is 20 workers or more. These establishments are required to register under the India Factories Act of 1948. The unorganized manufacturing sector is, by default, comprised of establishments which fall outside the scope of the Factories Act. Unorganized establishments do not pay taxes and are generally outside the purview of the state, thus approximating common definitions of the informal sector (e.g., Kanbur 2011).
For services, there is no simple legal distinction as in manufacturing. Service establishments, regardless of size or other characteristics, are not required to register and thus are all officially unorganized. There are various existing methodologies to comparably differentiate small-scale, autonomous establishments from larger employers which constitute the organized sector, as generally defined. We assign establishments with less than five workers and/or listed as an -own-account enterprise‖ (OAE) to the unorganized sector. OAE enterprises are firms that do not employ any hired worker on a regular basis. The choice of five employees as the size cutoff recognizes that average establishment size in services is significantly smaller than in manufacturing. Using this demarcation, the organized sector makes up approximately 25% of employment in both manufacturing and services.
The organized manufacturing sector is surveyed by the Central Statistical Organisation every year through the Annual Survey of Industries (ASI), while unorganized manufacturing and services establishments are separately surveyed by the National Sample Survey Organisation (NSSO) at approximately five-year intervals. The survey years we employ are the most recent data by sector for which the young establishment identifiers are recorded. Establishments are surveyed with state and four-digit National Industry Classification (NIC) stratification. Districts are administrative subdivisions of Indian states or territories. We use the provided sample weights to construct population-level estimates of total establishments and employment by district and three-digit NIC industry. Employment is formally defined as -persons engaged‖ and includes working owners, family and casual labor, and salaried employees.
Currently there are approximately 630 districts spread across 35 states/union territories. In order to overcome empirical issues presented by small districts or those with an insufficient sample size, we exclude any districts with a population less than one million (based on 2001 census) or with fewer than 50 establishments sampled. For our main specifications we also exclude states with persistent conflict and political turmoil (Jammu-Kashmir and Nagaland) that make data quality questionable. After these adjustments, the resulting sample retains districts in 20 major states that include more than 94% of Indian employment in both manufacturing and services. Table 1 provides some base descriptive statistics across the full sample, while Tables 2A-3B and Figures 2 and 3 show more detailed patterns by state. Table 2A shows that there are just over 14,000 young establishments in India's organized manufacturing sector in 2005 for our sample. This reflects an entry rate of approximately 15%, using a weighted average across states, which varies spatially to a large degree. Among the larger states in terms of manufacturing employment, entry rates are highest in Uttar Pradesh and Karnataka at 18%-22%. Within Uttar Pradesh, the most entrepreneurial districts are Dehradun, Fatehpur, Faizabad, and Nagar Hardwar. The most entrepreneurial districts in Karnataka are Bangalore-Rural, Tumkur, Bangalore-Urban, and Dakshina Kannada. While possessing smaller manufacturing bases, entry rates are also high in Himachal Pradesh and Orissa. The spatial variation in entry rates across states is of similar magnitude to the regional variation evident in advanced economies (e.g., Reynolds et al. 2007 ).
The unorganized manufacturing sector in Table 2B has far more new establishments in any given year-almost 1.9 million in 2005 for our sample-although the entry rate is lower than the organized sector at 12%. Similar to the negative patterns discussed for self-employment versus formal entry in the United States, there is negative correlation of -0.2 between spatial entry rates for organized and unorganized sectors across states. High rates of unorganized entry are found in Delhi, Haryana, and Kerala, while Bihar, Karnataka, and Orissa have among the lowest rates. These contrasts are even starker when using self-employment measures: for the 15 districts with self-employment accounting for greater than 50% of total district employment, none have an organized sector entry rate above 5%.
In the organized services sector in Table 3A , there are about 120,000 young establishments in 2001, representing an entry rate of 20%. The highest rates are evident in Andhra Pradesh and Karnataka, with a number of other states closely following with entry rates of 20%-25%. Gujarat has the lowest entry rate. State-level entry rates for organized services have a 0.4 correlation to those in organized manufacturing. Table 3B shows that the largest entry levels in absolute terms occur in the unorganized services sector, with over 2.2 million establishments at a rate of 17%. Entry rates are particularly high in Kerala and Haryana. Unorganized and organized activities are more closely linked in services than in manufacturing with a spatial correlation across states of 0.3 for services.
Determinants of Entrepreneurship
We now describe the spatial and industrial factors that we use to predict the entrepreneurship patterns. We follow Kerr (2009), Jofre-Monseny et al. (2011) , and Alcacer and Chung (2010) in our design of many these factors, and we refer interested readers to these papers for additional details on agglomeration metrics and their properties.
Population and Demographics
Our initial explanatory measures naturally focus on basic traits of the district: population, age profiles of the population (demographic dividend), and population density. Our population control comes from the 2001 population census, and models several effects. First, and most important, it provides a measure of the size of local markets in terms of consumers. For some industries, especially in services, these local markets constitute the firm's primary product market. For other industries that are traded at a distance, this output feature of the local market is less essential. The overall size of the local district nevertheless represents an important measure for the overall surrounding economic activity (e.g., general availability of workers).
The population control will also reflect to some degree the supply of potential entrepreneurs. Most entrepreneurs start their businesses in their current local area: for example, Dahl and Sorenson (2007) document that over 70% of new firms in Denmark are founded in commuting regions where entrepreneurs were previously living. While some entrepreneurs move to new cities to start their businesses, this is mostly confined to niche, high-growth industries like biotech where a few dominant clusters form. Looking across all industries and types of firms, several studies have instead shown an underlying pattern where entrepreneurs are disproportionately located in their home regions compared to wage employees. This pattern has been shown in the United States, Italy, and Portugal (e.g., Figueiredo et al. 2002, Michelacci and Silva 2007) . The population control will pick up some of this supply side effect.
We next consider the age structure of the district, which is also referred to as the -demographic dividend‖ in the Indian context. The propensity to start firms changes over the lifetimes of individuals (e.g., Evans and Leighton 1989) , and the age structure of a district can have an additional effect on the entry rate. For example, Bönte et al. (2009) document an inverted-U shape between regional age structures and entrepreneurship rates in Germany, and Glaeser and Kerr (2009) found high manufacturing entry rates in cities that had a disproportionate share of workers aged 20-40 years old. We construct the demographic dividend measure as the ratio of working age population to non-working age population using 2001 population census counts. The inverse of this measure is commonly known as a dependency ratio.
Third, we include a measure of population density. Higher population density again reflects some measure of local market size, but it also goes beyond to include the competition for local resources. While local sales are easier with a denser market, higher population density is also associated with higher wage levels and higher land rents. Density has also been linked to stronger knowledge flows (e.g., Carlino et al. 2007, Arzaghi and Henderson 2008) , and Audretsch and Fritsch (1994) use density as one source of convexity in local production that link to entry rates. Thus the conditional relationship between entry and population density is unclear, although many studies of advanced economies link higher population density to reduced manufacturing entry rates, especially for larger plants that are using established production techniques and seeking to minimize costs.
District-Level Conditions
Beyond these basic demographics, we consider five primary traits of districts: education of the local labor force, quality of local physical infrastructure, access or travel time to major Indian cities, stringency of labor laws, and household banking conditions. While these traits do not constitute an exhaustive list of local conditions, they are motivated by the literatures on entrepreneurship and India's development. Unless otherwise noted, these traits are taken from the 2001 Population Census data for India.
We first measure the general education level of the local labor force. Doms et al. (2010) find that local skill levels correlate with higher rates of self-employment and better start-up performance in the United States, and Glaeser et al. (2010) associate higher education levels with higher entry rates using employment-based entry metrics. Many local policy makers stress developing the human capital of their workforces, and India is no different (Amin and Mattoo 2008) . We measure the general education level of a district by the percentage of adults with a graduate (post-secondary) degree. All of our results below are robust to alternatively defining a district's education as the percentage of adults with higher secondary education.
Our second trait is the physical infrastructure level of the district. Basic services like electricity are essential for all businesses, but new entrants can be particularly dependent upon local infrastructure (e.g., established firms are better able to provision their own electricity if need be, which is quite common in India). Aghion et al. (2011) provide a theoretical model of this dependency. Many observers cite upgrading India's infrastructure as a critical step towards economic growth, and the Indian government has set aside substantial funds for this investment. The population census provides figures on the number of villages in a district which have telecommunications access, electricity access, paved roads, and access to safe drinking water. We calculate the percentage of villages that have infrastructure access within a district and sum across the four measures to create a continuous composite metric of infrastructure which ranges from zero (no infrastructure access) to four (full access to all four infrastructure components).
India's economy is undergoing dramatic structural changes (Desmet et al. 2011) . From a starting point in the 1980s when the government used licensing to promote industrial location in regions that were not developing as quickly, the economic geography of India has been in flux as firms and new entrants shift spatially (e.g., Chari 2008, Fernandes and Sharma 2011) . One feature for a district that is important in this transformation is its link to major cities. We thus include a measure from Lall et al. (2011) of the driving time from the central node of a district to the nearest of India's ten largest cities 6 as a measure of physical connectivity and across-district infrastructure. This is calculated based on data on India's road networks using GIS software.
We next model local labor regulations using state-level variation in policies. Several studies link labor regulations in Indian states to economic progress (Besley and Burgess 2004, Aghion et al. 2008) , and strict labor regulations have been found to hurt entrepreneurship beyond self-employment in advanced economies (e.g., Bozkaya and Kerr 2011) . This effect may occur through reduced likelihood of wanting to start a new firm, or through reduced likelihood of opening new facilities to avoid regulations. There may also be reduced ‗push' into entrepreneurship with more protected employment positions. Fallick et al. (2006) model how labor mobility affects industry structure, with implications for entrepreneurship rates. Our measure is taken from Ahsan and Pages (2007) , who break down the labor regulations index proposed by Besley and Burgess (2004) into separate components affecting labor adjustment and labor disputes legislation. Using these separate measures, we create a composite labor regulations index by state.
Our final primary measure is the strength of household banking environments. A large body of work considers the link between financial constraints and entrepreneurship, as surveyed in Kerr and Nanda (2011) . Our measure of local financing conditions is the percentage of households that have banking services as measured in the 2001 census. This measure is likely to be particularly reflective of financing environments for unorganized sector activity.
Agglomeration Theories
The above factors are district-level phenomena. Some factors will matter more for certain industries than others-for example, industries that have high labor inputs will be more sensitive to general labor regulations than capital-intensive sectors-and we discuss these interactions below to test the robustness of the identified traits. But we also want to define metrics that quantify how suitable the local industrial environment is for a particular industry. For example, does the local industry mix employ the types of occupations needed by start-up companies for a given district-industry? We will consider these forces within the manufacturing sector.
We develop metrics that unite the incumbent industrial structures of cities with the extent to which industries interact through the traditional agglomeration rationales first defined by Marshall (1920) . This conceptual approach has also been used to describe location choice decisions and city structures in several advanced economies: Glaeser and Kerr (2009) for the United States, Jofre-Monseny et al. (2011) for Spain, and Dauth (2011) for Germany. Alcacer and Chung (2010) use this framework to consider foreign direct investment decisions. This paper and Mukim (2011) are the first applications of this technique to an emerging economy of which we are aware.
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Incumbent industrial structures are only measured through older businesses and thus predate the birth of the young businesses that we model in our outcome variables. This separation by age of establishment for the outcome and explanatory variables is a basic defense against reverse causality, which we will build upon through conditional estimations and long differencing. In all of our estimations, we first control for the size of the incumbent districtindustry employment. This is important given that entrepreneurs often leave incumbent firms to start their companies. Klepper (2010) shows in detail the importance of this spawning process in the history of Detroit and Silicon Valley, and many econometric studies find the existing business landscape the most important factor for the spatial location of new entrants (e.g., Falck et al. 2008, Glaeser and Kerr 2009) . We use incumbent establishments only for this measure and the Marshallian metrics discussed next. 9 8 Several papers assess the relative importance of these determinants for industrial agglomeration, including Audretsch and Feldman (1996) , Ellison and Glaeser (1997) , Strange (2001, 2003) , Henderson (2003) , Ellison et al. (2010) , and Greenstone et al. (2010) . These assessments are harder empirically than our current exercise due to the endogeneity of linkages that form between clustered firms. We take these linkages among incumbent firms to be exogenous to new entrants in this paper. Coagglomeration behavior is more broadly analyzed by Ellison et al. (2010) and Helsley and Strange (2010) .
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The first agglomeration rationale is that proximity to customers and suppliers reduces transportation costs and thereby increases productivity. This reduction in shipping costs is the core agglomerative force of the new economic geography (e.g., Fujita et al. 1999) . Where customers and suppliers are geographically separate, firms must trade off distances. While transportation costs have declined dramatically over the past two centuries, the fundamentals remain important even in advanced economies. For example, much of the clean energy production in the United States based upon biomass is located near sources for the raw inputs.
To test the importance of this mechanism, we measure the extent to which districts contain potential customers and suppliers for a new entrepreneur. We begin with an input-output table for India developed by India's Central Statistical Organization. We define Input i←k as the share of industry i's inputs that come from industry k, and Output i→k as the share of industry i's outputs that go to industry k. These measures run from zero (no input or output purchasing relationship exists) to one (full dependency on the paired industry). These shares are calculated relative to all input-output flows and are not symmetrical by design (Input i←k ≠Input k→i , Input i←k ≠Output k→i ). (2009), we summarize the quality of a district d in terms of its input flows for an industry i as Input di = -∑ k=1,...,I abs(Input i←k -E dk /E d ), where I indexes industries. This measure simply aggregates absolute deviations between the proportions of industrial inputs required by industry i and district d's actual industrial composition, with E representing employment. The measure is mostly orthogonal to district size, which we separately consider, and a negative value is taken so that the metric ranges between negative two (i.e., no inputs available in the local market) and zero (i.e., all inputs are available in the local market in precise proportions). The construction of Input di assumes that firms have limited ability to substitute across material inputs in their production processes.
Following Glaeser and Kerr
10
To capture the relative strength of output relationships, we also define a consolidated metric Output di = ∑ k=1,...,I E dk /E d •Output i→k . This metric multiplies the national share of industry i's output sales that go to industry k with the fraction of industry k's employment in district d. By summing across industries, we take a weighted average of the strength of local industrial sales opportunities for industry i in the focal market d. This Output di measure takes on higher values with greater sales opportunities. Unlike our input measure, this output metric pools across industries that normally purchase goods from industry i. By measuring the aggregate strength of 10 The input metric is not perfectly orthogonal to district size to the degree to which larger districts have more independent economic zones than smaller zones. Thus, even if the very localized input conditions within a small and large district are similar for a start-up, the measured quality of input conditions will be less in the larger district as the input metric will sum over more economic zones. We thank Juan Alcacer for pointing this out. industrial sales opportunities in district d, the metric assumes that selling to one large industrial market is the same as selling smaller amounts to multiple industries.
Related to these customer/supplier metrics is the Chinitz effect. Chinitz (1961) observed that entrepreneurs often find it difficult to work with large, vertically-integrated suppliers. The entrepreneur's order sizes are too small, and often the entrepreneur's needs are non-standard. Chinitz emphasized the role of small input suppliers in his account of entrepreneurial differences between New York City and Pittsburgh. Chinitz argued that the large, integrated steel firms of Pittsburgh depressed external supplier development; moreover, existing suppliers had limited interest in providing inputs to small businesses. By contrast, New York City's much smaller firms, organized around the decentralized garment industry that then dominated the city, were better suppliers to new firms. A number of empirical studies for the United States have emphasized the role of the Chinitz effect in local start-up conditions: Kerr (2009, 2011) , Rosenthal and Strange (2010) , Glaeser et al. (2010) , and Drucker and Feser (2007) .
We quantify the Chinitz hypothesis-as distinct from the high-quality, general-input conditions of Marshall (1920) Moving from material inputs, labor is perhaps the most important input into any new firm, and entrepreneurship is quite likely to be driven by the availability of a suitable labor force (e.g., Combes and Duranton 2006) . While a district's education and basic demographics are informative about the suitability of the local labor force, these aggregate traits can miss the very specialized nature of many occupations. As an extreme example, Zucker et al. (1998) describe the exceptional embodiment of human capital in specialized workers in the emergence of the US biotech industry. These specialized workers are often tightly clustered together (Rosenthal and Strange 2010) .
11 11 The agglomeration of specialized workers and firms can occur through several channels. Marshall (1920) described how an agglomeration of workers and firms shields workers from firm-specific shocks. Workers can be more productive and better insured by moving from firms that are hit with negative shocks to better opportunities (e.g., Diamond and Simon 1990 , Krugman 1991 , Overman and Puga 2010 . Larger labor pools further promote more efficient matches (e.g., Helsley and Strange 1990) , and multiple firms protect workers against ex post appropriation of investments in human capital (e.g., Rotemberg and Saloner 2000) . All of these mechanisms suggest that firms that employ similar types of workers will tend to locate near one another and that entrants will benefit from thick local markets for their specific labor needs, either through heightened availability or lower wages.
Studies of the United States are able to model direct occupational flows between industries (e.g., Ellison et al. 2010, Glaeser and Kerr 2009) . We unfortunately lack such data for India. We instead take a very simple approach. Greenstone et al. (2010) calculate from the Current Population Survey the rate at which workers move between industries in the United States. Using their measure of labor similarity for two industries, we define Labor di =∑ k=1,...,I E dk /E d •Mobility i←k . This metric is a weighted average of the labor similarity of industries to the focal industry i, with the weights being each industry's share of employment in the local district. The metric is again by construction mostly orthogonal to city size.
These metrics condense large and diverse industrial structures for cities into manageable statistics of local industrial conditions. The metrics do have limitations, though. First, we do not capture potential interactions that exist beyond the local district, but factor and product markets can be wider than a district (e.g., Strange 2001, Kerr and Kominers 2010) . Second, the metrics do not consider final consumers. In unconditional estimates, we separately model city populations. Third, the metrics do not measure differences across districts in worker or input quality except to the extent that they are reflected in industry compositions or observable features like education levels. Finally, these metrics can suffer from omitted variable biases should another district-industry factor jointly determine both incumbent structures and entry rates. We will use changes in industrial conditions from 1989 to 2005 to partially address this concern.
12
Unconditional Estimations of Spatial Entrepreneurship
We characterize entry through a series of linear regressions with the above determinants as explanatory variables:
12 There are several factors that we do not consider in this study: natural cost advantages (e.g., Ellison and Glaeser 1999) , local industrial diversity (Jacobs 1970), and entrepreneurial culture (Hofstede 2001 , Florida 2005 , Falck et al. 2011 . Perhaps most important, we also do not model Marshall's (1920) third agglomeration rationale of knowledge spillovers because the data used to typically measure knowledge spillovers (e.g., local patent citations) are not available consistently at the level of detail that we require in India. It should be noted that the customer/supplier and labor pooling rationales both overlap with knowledge flows to some extent. For example, Porter (1990) emphasizes that proximity to customers and suppliers can enhance innovation by increasing knowledge flows about which products are working and what new products are desired. Likewise, occupational sharing is often associated with the knowledge and skills of the workers. To some degree, knowledge flows will be included in these estimates.
We include in each estimation a vector of industry fixed effects η i that control for fixed differences in industry sizes, entrepreneurship rates, competition, and so on. X d is the vector of district traits like population and education levels. We further control for incumbent employment in the district-industry. Our main specifications are also robust to controlling for incumbent firm counts or value added rather than employment. Finally, we include our agglomeration metrics that vary by district-industry. We transform non-log variables to have unit standard deviation to aid interpretation, and we cluster standard errors by district to reflect the multiple mappings of some variables.
The dependent variable is the log measure of entry employment by district-industry. We recode less than one entering employee on average as one entering employee for these estimations. This maintains a consistent sample size, and we do not believe that the distinction between zero employees and one employee at the district-industry level is economically meaningful. Regardless, these cells can be excluded without impacting our results.
We weight estimations by an interaction of log industry size with log district population. We place more faith in weighted estimations than unweighted estimations since many districtindustry observations experience very limited activity. We recognize, however, that weighted estimations may accentuate endogeneity concerns. We thus employ our interaction rather than observed district-industry size. The interaction minimizes the endogeneity spillover for very agglomerated industries, especially in conditional estimations with district and industry fixed effects. We find very similar effects without sample weights, indicating that these choices are not very material. Table 4A provides our basic spatial results for the organized manufacturing sector. The first column includes just district populations, district-industry employments, and industry fixed effects. Not surprisingly, existing district-industry employment strongly shapes the spatial location of entry: a 10% increase in incumbent employment raises entry employment by around 2%. In addition, a district's population increases entry rates with an elasticity of 0.5. Higherorder population terms are not found to be statistically significant or economically important. The adjusted R-Squared value for this estimation is quite modest at 0.13. If splitting the sample, the adjusted R-Squared value for districts in high-income states is 0.17 versus 0.10 in lowincome states.
Glaeser and Kerr (2009) estimate a related specification for the United States that uses log long-term employment for a city-industry as the key explanatory variable. If we adjust our estimation to more closely match their technique by using log total employment as the explanatory variable, combining young establishments and incumbents, we obtain an elasticity of 0.8 that is very similar to the 0.7 elasticity measured by Glaeser and Kerr (2009) . While this elasticity is comparable, the adjusted R-Squared value for this estimation remains quite modest at 0.29. This value is much lower than the adjusted R-Squared value of 0.80 for Glaeser and Kerr (2009) .
There are likely several factors behind this lower explanatory power, including data differences, estimations at the district versus city level, and similar. But, it is also clear that many industries within India's manufacturing sector are at a much earlier development stage than in the United States, where the manufacturing sector is instead shrinking. Thus, while existing patterns of industrial activity explain the spatial distribution of entrepreneurship in India similar to the United States, India has much more variation in outcomes that we characterize further below. Fernandes and Sharma (2011) also study these variations with respect to policy deregulations. Kathuria (2011) provides a broader exploratory framework.
Column 2 includes the district traits. Three factors stand out as discouraging entrepreneurship in organized manufacturing: high population density, strict labor regulations, and greater distance to one of India's ten biggest cities. The first pattern has been observed in many settings, and is closely studied by Desmet et al. (2011) in India. The traded nature of manufacturing products allows more rural settings for firms, and manufacturers often seek cheaper environments than the wages and rents associated with high density areas. The second pattern connects with the earlier studies of India that argue strict labor laws reduce economic growth. These policies are associated with reduced entry even after conditioning on districtindustry size. The final factor highlights that while manufacturers avoid the high costs of urban areas, they also avoid the most remote areas of India in favor of settings that are relatively near large population centers, likely to access customers directly or to connect to shipping routes. On the other hand, the education of a district's workforce is strongly linked to higher entry rates. The elasticity is in fact stronger in economic magnitude, if not precision, than that evident in comparable studies of advanced economies.
The third column introduces the district-industry traits. The qualities of input and output markets are exceptionally strong with 0.4-0.5 elasticities. Labor market and the Chinitz measure have positive coefficients but are not precisely measured. We will return to the interpretation of these results after viewing the conditional estimations in Table 6 and thereafter. The decline in the main effect of incumbent employment suggests that these four new metrics capture the positive channels of agglomeration on entry. The fourth column show quite similar results if we further control for consumption per capita. The fifth column finds very similar results when examining the log count of entrant establishments rather than log entry employment, although the roles for education and labor market agglomeration economies are reduced. The Chinitz metric is more prominent when using entry counts.
Across these columns of Table 4A , the adjusted R-Squared value increases from 0.13 to approximately 0.2-0.3. While perhaps modest in overall size, this growth in explanatory power is 20 much stronger than the similar growth for entry levels in Glaeser and Kerr (2009) with the additional factors. This pattern again highlights the greater relative importance in India of existing district conditions relative to incumbent positioning for explaining entrepreneurship compared to patterns in the United States. Table 4B repeats these estimations for the unorganized manufacturing sector. Several distinct differences exist. First, local population takes a much greater role with unit elasticity in Column 1's simplest estimation. This greater connection of entry to the overall size of local markets almost certainly reflects unorganized entry being proportionate to market size and servicing local needs. Evidence for this relationship is also evident in the independence of entry to local population density or travel time to a major city, the stronger relationship of entry to the age profile of the district, and the higher R-Squared value in Columns 1 and 2 of Table 4B compared to Table 4A . Unorganized manufacturing clearly conforms much more closely to the overall contours of India's economic geography than organized manufacturing. The explanatory powers for high-income and low-income states are very comparable.
The other two district traits that are associated with strong entry rates are the strength of local, within-district physical infrastructure and the strength of local household banking environments. This contrasts with organized manufacturing entry, where education stood out. An intuitive explanation, which will also be reflected in the services estimations, is that these patterns and their differences reflect the factors on which each sector depends most. Organized manufacturing establishments, for example, may have broader resources that reduce dependency on local infrastructure and household finance. Likewise, it is reasonable to believe that the unorganized sector depends less on educated workers than the organized sector. While intuitive, we are unable to rigorously confirm these district-level observations in this study, and these results should be viewed as partial correlations.
We again find evidence for agglomeration economies within the unorganized manufacturing sector. The framework is similar to Table 4A except that we do not consider the Chinitz effect since by definition the unorganized sector is comprised of small firms. Partly as a consequence of this, the inputs metric is relatively stronger in these estimations. Mukim (2011) also finds an important role for input conditions in the informal sector. The final column shows that the unorganized sector results are very stable with the change in outcome variable. The initial gap in explanatory power between the organized and unorganized sectors that was evident in the first two columns is mostly gone by the complete estimations in Columns 3-5. Table 5 presents comparable estimations for the services sector, with Columns 1-4 for the organized sector and Columns 5-8 for the unorganized sector. The patterns and their contrast to organized manufacturing are again quite intriguing. First, overall district population is as important as it was for unorganized manufacturing, with its elasticity greater than one. Similarly, the adjusted R-Squared value grows to 0.20 and 0.47 with just the parsimonious set of explanatory factors in Columns 1 and 5, respectively. The adjusted R-Squared value using the Glaeser and Kerr (2009) approach for organized services is 0.30. Similar also to unorganized manufacturing, population density and travel time to major cities are not important in the multivariate setting, while the district's age profile does contribute to higher entry levels.
Among district traits, education and infrastructure matter the most. Overall, education is found to be generally important, with particular relevance to the organized sectors of manufacturing and services (Amin and Mattoo 2008) . Physical infrastructure is also generally important, with particular relevance to the unorganized sectors of the economy. The strength of the household banking sector is again also very important in the unorganized sectors of the economy. These channels provide three of the main ways that policy makers can influence the spatial distribution of entry.
The role of the existing incumbent employment by district-industry for services is weak in Table 5 , likely suggesting that Marshallian economies are weaker in services (using our broad industry groups) than in manufacturing. Unreported estimations further attempted to model Marshallian interactions in the services sector similar to manufacturing. These results are also weak, at most suggesting a small role for labor market interactions. However, we hesitate to strongly interpret this difference as the weak results may be due to applying concepts and metrics originally designed for manufacturers to the service sector. We hope in future work to examine local spillovers in services among modern services firms, especially those involved in high-tech and ICT sectors, to identify if deeper agglomeration forces operate within these firms (e.g., Arzaghi and Henderson 2008) .
Conditional Estimations of Spatial Entrepreneurship
We now turn to conditional estimations that focus just on district-industry variation. Table 6 next estimates a conditional specification of the form:
We now include a vector of district fixed effects δ d that control for differences across districts that are common for all industries, for example Delhi's larger size. Specifications thus employ variation within districts and industries: How much of the unexplained district-industry variation in entrepreneurship can we explain through incumbent local conditions that are especially suitable for particular industries?
The first three columns are for the organized manufacturing sector, while the last two columns are for the unorganized manufacturing sector. We report robust standard errors reflecting the district-industry variation. The coefficient patterns in Table 4, compared to Tables  4A and 4B , are stronger and more precisely estimated. These results suggest that many of the agglomeration rationales that we discussed in Section 3 operate as strongly for entrants in India as they do in advanced economies, or perhaps even more strongly. We interpret the weaker performance in the earlier unconditional estimates, compared to the conditional estimates that fully control for district averages, as evidence that India's economic geography is not set to the degree that an advanced economy is.
In addition to these conditional tests of our agglomeration metrics, unreported estimations confirm some of the district traits analyzed through interaction regressions. After including the district effects, we can no longer estimate the direct impact of labor laws on entry rates, but we can estimate an interaction of labor laws with how important labor is as an input factor for an industry. We estimate the latter importance through the industry's wage bill divided by industry value added. This interaction is negative and statistically significant, indicating that entrepreneurship in labor-intensive sectors is disproportionately reduced by strict labor laws (similar conclusions are reached using employment-based measures). We likewise find that the Chinitz effect and local input conditions matter more in materially intensive industries.
13 Table 7 examines the entrant size distribution for the organized sector by separating our overall entry measures into establishment sizes of young firms. The entry of a ten-person establishment is presumably a different phenomenon than the entry of a new firm with hundreds of employees. We care more about larger entrants in certain contexts, for example when worrying about the determinants of robust local labor demand. On the other hand, the entry of small establishments may be a purer reflection of entrepreneurship and hence more intrinsically interesting. More generally, empirical evidence exists that small and large establishments agglomerate differently (e.g., Holmes and Stevens 2002, Duranton and Overman 2008) , and it is useful to extend this description to entering firms. 14 Table 7 finds interesting distributional effects that also provide intuitive confirmation of the economic forces proposed. Most strikingly, the importance of the Chinitz effect is concentrated among small entrants, while the importance of overall output markets and labor spillovers grow with entrant size. For India, it appears that input cost factors are more influential in the location choices of small start-ups, while output conditions and labor markets are more important for large entrants. Table 8 contains our final set of empirical results. Our work thus far has focused on the cross-sectional patterns of incumbent industrial structures and entry. By including district and industry fixed effects, we focus on within-district and within-industry variation for analysis. This approach thus guards against omitted factors that vary by district or by industry. Similarly, our focus on incumbent firms to explain new entrants mirrors Jofre-Monseny et al. (2011), taking the former to be pre-determined. As an alternative, Glaeser and Kerr (2009) use predicted spatial distributions of industries due to natural cost advantages to provide a measure of exogeneity.
Nonetheless, a concern persists that there are unique aspects of district-industries that may confound this relationship. To take a United States example, the automobile industry has been concentrated in Detroit for over a century. Over this span of time, localized entrepreneurship and incumbent industrial structures will have jointly influenced each other, and many other factors that we do not model may have arisen (e.g., special political connections and support by Detroit for the automobile industry). These latter factors that are particular to an industrial cluster would not be captured by city and industry fixed effects, and yet these instances of highly agglomerated activity are very important for identification in the above estimations. The long history of the Indian government's involvement in local industrial policy accentuates these econometric concerns for our estimates.
One approach to help address these concerns is to use time-varying conditions in localized agglomeration and entry by district-industry. By looking across two points in time, district-industry fixed effects can be included in the estimations. These fixed effects control for long-run levels of incumbent industrial structures and entry, focusing on changes within each district-industry. Such an approach does not fully overcome potential biases, as there could be time-varying factors within district-industries that continue to confound the analysis. The empirical bar, however, is set much higher.
A challenge to implementing this approach in many settings is that industrial structures can be very stable over time, providing little variation to exploit. India's organized manufacturing setting provides a unique opportunity in this regard. Prior to the large-scale deregulations, spatial location decisions for firms were set to a large degree by the government, with the goal to promote general equality across regions. In the two decades since these 24 restrictions were lifted, India's manufacturing has seen large changes in spatial locations and agglomerations (e.g., Fernandes and Sharma 2011) .
These changes provide much greater longitudinal variation than could typically be exploited. Micro-data for India's organized manufacturing sector extend back to 1989. We prepare our metrics for 1989 similar to those used in 2005. We restrict our sample to districtindustry observations present in both periods. Table 8 estimates a panel specification of the form:
We now include a vector of district-industry fixed effects π di that control for fixed differences across district-industries; we also extend our earlier fixed effects to be district-year and industry-year controls. These specifications thus employ panel variation: how much of the growth in district-industry entrepreneurship can we explain through changes in incumbent local conditions that are especially suitable for particular industries? By including district-year and industry-year fixed effects, we measure this effect after controlling for general district and industry development between 1989 and 2005. Table 8 provides strong confirmation for our basic findings. In the first column, growth in general incumbent employment over the 16 years is linked to higher entrepreneurship. The elasticity is half the size estimated in the cross-section work. The elasticity decline may indicate that an upward bias existed in the cross-sectional estimations (e.g., due to an omitted factor), but is also possible that the differencing exacerbated measurement error and its downward bias. In the second column, we also find support for the Marshallian metrics related to input and output markets. The coefficients are slightly larger than in the cross-sectional estimations and precisely estimated. Interestingly, labor conditions do not find support in the panel setting. 15 Changes in the Chinitz metric yielded implausibly large coefficients values due to outliers, and we do not report them. Of our metrics, the Chinitz effect is the most sensitive due to how it embodies both the establishment size distribution and input-output exchanges. Its sensitivity is thus not very surprising.
Overall, the panel estimations strongly support our core evidence on the link between entrepreneurship and local industrial conditions in India. We think that India's industrial past, and the government-led spatial allocation of industrial activity that is rapidly becoming undone, provides a very interesting laboratory for testing many features of agglomeration and urban economics that are difficult to disentangle in advanced economies with more stable economic geographies.
Conclusions
Entrepreneurship is vital to economic growth. While India has historically had low entrepreneurship rates, this weakness is improving and will be an important stepping stone to further development. This paper explores the spatial determinants of local entrepreneurship in India for both manufacturing and services. At the district level, our strongest evidence points to the roles that local education levels and physical infrastructure quality play in promoting entry. We also find evidence that strict labor regulations discourage formal sector entry, and better household banking environments encourage entry in the unorganized sector. Policy makers wishing to encourage entrepreneurship in their local areas have several policy levers that can be exploited.
Looking more closely at district-industry activity, we find strong evidence of agglomeration economies in India's manufacturing sector. This work especially emphasizes the input-output relationships among firms. This evidence on localized agglomeration economies and entry is the first in a developing economy of which we are aware. This framework and its comparison to advanced economies also points out that the economic geography of India is still taking shape. India's economic geography is still adjusting from the government-imposed conditions that existed pre-deregulation, and much greater variation exists in spatial outcomes than is present in countries like the United States. This raises the importance of correct policy design for local areas, and it provides a nice testing ground for future work on agglomeration and urban economies. In particular, further research surrounding the time dimensions to entrepreneurship's role in the local economy (e.g., Fritsch and Mueller 2004) for India might be particularly attractive given the rapid pace of the country's transformation. 
